Standard parallel magnetic resonance imaging (MRI) techniques suffer from residual aliasing artifacts when the coil sensitivities vary within the image voxel. In this work, a parallel MRI approach known as Superresolution SENSE (SURE-SENSE) is presented in which acceleration is performed by acquiring only the central region of k-space instead of increasing the sampling distance over the complete k-space matrix and reconstruction is explicitly based on intra-voxel coil sensitivity variation. In SURE-SENSE, parallel MRI reconstruction is formulated as a superresolution imaging problem where a collection of low resolution images acquired with multiple receiver coils are combined into a single image with higher spatial resolution using coil sensitivities acquired with high spatial resolution. The effective acceleration of conventional gradient encoding is given by the gain in spatial resolution, which is dictated by the degree of variation of the different coil sensitivity profiles within the low resolution image voxel. Since SURE-SENSE is an ill-posed inverse problem, Tikhonov regularization is employed to control noise amplification. Unlike standard SENSE, for which acceleration is constrained to the phase-encoding dimension/s, SURE-SENSE allows acceleration along all encoding directions -for example, two-dimensional acceleration of a 2D echo-planar acquisition. SURE-SENSE is particularly suitable for low spatial resolution imaging modalities such as spectroscopic imaging and functional imaging with high temporal resolution. Application to echo-planar functional and spectroscopic imaging in human brain is presented using two-dimensional acceleration with a 32-channel receiver coil.
Introduction
Magnetic resonance imaging (MRI) methods involve imaging objects with high spatial frequency content in a limited amount of time. However, information over only a limited k-space range is usually acquired in practice due to SNR and time constraints. For example, in functional MRI (fMRI) (Belliveau et al., 1991) k-space coverage is traded off for increased temporal resolution. In MR spectroscopic imaging (MRSI) (Brown et al., 1982) , which is constrained by relatively low SNR, k-space coverage is sacrificed to achieve an adequate SNR within a feasible acquisition time. The lack of high k-space information leads to limited spatial resolution and Gibbs ringing when the Fourier transform is directly applied to reconstruct the image. Constrained image reconstruction techniques using prior information (Liang et al., 1992) have been proposed to achieve superresolution image reconstruction, i.e. to estimate high k-space values without actually measuring them. For example, the finite spatial support of an image can be used to perform extrapolation of kspace at expense of SNR loss. However, this method performs well only at positions close to the periphery of the object being imaged (Plevritis and Macovski, 1995) . For experiments with temporal repetitions such as fMRI and MRSI; k-space substitution (Jones et al., 1993) , also known as the key-hole method, was proposed to fill the missing high k-space values of the series of low resolution acquisitions using a high resolution reference. However, this method is vulnerable to artifacts due to inconsistencies between the reference and the actual acquisition. An improvement of this approach, known as generalized series reconstruction (Liang and Lauterbur, 1991) , forms a parametric model using the high resolution reference to fit the series of low resolution acquisitions and thus reduce the effect of data replacement inconsistencies. Alternatively, superresolution reconstruction can be performed by combination of several low resolution images acquired with sub-pixel differences (Elad and Feuer, 1997 ).
This method is well developed for picture and video applications and was employed before in MRI by applying a sub-pixel spatial shift to each of the low resolution acquisitions (Peled and Yeshurun, 2001 ). However, its application is very limited since a spatial shift is equivalent to a linear phase modulation in k-space, which does not represent new information to increase the k-space coverage of the acquisition.
Parallel MRI (Sodickson and Manning, 1997; Pruessmann et al.,1999) has been introduced as a method to accelerate the sequential gradientencoding process by reconstructing an image from fewer acquired kspace points using multiple receiver coils with different spatially varying sensitivities. The standard strategy for acceleration is to reduce the density of k-space sampling beyond the Nyquist limit while maintaining the k-space extension in order to preserve the spatial resolution of the fully-sampled acquisition. The rationale for this sub-sampling scheme is that the coil sensitivities are spatially smooth and retrieve k-space information only from the neighborhood of the actual gradientencoding point. However, any arbitrary k-space sub-sampling pattern can in principle be employed at the expense of increasing the computational cost and decreasing the stability of the inverse reconstruction, i.e. increasing the nominal noise amplification in the reconstruction (g-factor) (Pruessmann et al., 1999; Sodickson and McKenzie, 2001 ). On the other hand, standard parallel MRI performed at a spatial resolution that presents intra-voxel coil sensitivity variation suffers from residual aliasing artifacts which are depicted as spurious side lobes around the aliasing positions in the reconstructed point spread function (PSF) (Zhao et al., 2005) . The minimum-norm SENSE (MN-SENSE) technique was proposed to remove the residual aliasing artifact by performing an intra-voxel reconstruction of the PSF using coil sensitivities acquired with higher spatial resolution (Sanchez-Gonzalez et al., 2006) . However, while this method improves the spatial distinctiveness of image voxels, it does not increase the number of voxels and hence the underlying spatial resolution.
Receiver arrays with a large number of small coils tend to have rapidly varying coil sensitivity profiles, and therefore offer the promise of high accelerations for parallel imaging. However, standard Sensitivity Encoding (SENSE) reconstruction with many-element arrays is exposed to residual aliasing artifacts due to potential intravoxel coil sensitivity variations. On the other hand, many-element arrays open the door for other k-space sub-sampling patterns that might not be feasible with few-element arrays. For example, highly accelerated parallel imaging using only one gradient-encoding step was proposed in the Single Echo Acquisition (SEA) technique with a 64-channel planar array (McDougall and Wright, 2005) and in the Inverse Imaging (InI) technique with a 90-channel helmet array for human brain fMRI (Lin et al., 2006 (Lin et al., , 2008 . However, the price to pay for these extreme levels of acceleration is reconstruction with low spatial resolution as dictated by the degree of variation of the coil sensitivity maps.
The current work presents a novel method for parallel MRI in which acceleration is performed by acquiring only the central region of k-space instead of increasing the sampling distance over the complete k-space matrix. The proposed method, termed Superresolution SENSE (SURE-SENSE), increases the spatial resolution of the fully-sampled low resolution acquisition using coil sensitivities acquired with higher resolution. Regularization of the ill-conditioned inverse reconstruction is performed to control noise amplification due to the relatively large weights required to reconstruct high k-space values from low resolution data. The attainable increase in spatial resolution is determined by the degree of variation of the coil sensitivities within the acquired image voxel. Application of SURE-SENSE to increase the spatio-temporal resolution of fMRI is presented. Unlike standard SENSE, which is constrained to acceleration of phaseencoding dimensions, SURE-SENSE in this case allows two-dimensional acceleration of the echo-planar acquisition. Application to MRSI of human brain is presented as a method to reduce lipid contamination and to enhance the spatial resolution of the metabolite maps in two dimensions.
Methods

Superresolution SENSE (SURE-SENSE)
The goal of superresolution SENSE is to reconstruct a single image with higher resolution from fully-sampled low resolution images acquired with multiple receiver coils using high resolution coil sensitivity maps (Fig. 1) . Since the image acquired by each coil is weighted by the corresponding spatial sensitivity of the coil, superresolution reconstruction is feasible if the different sensitivities are varying within the low resolution image voxel.
SURE-SENSE is formulated in the image domain following the generalized parallel imaging model for arbitrary sub-sampling trajectories (Sodickson and McKenzie, 2001) considering that image data are acquired from a central k-space region and coil sensitivity data are acquired from an extended k-space region. Both data sets are acquired on a grid given by the Nyquist sampling distance (Δk = 1/ Fig. 1 . Conceptual illustration of the superresolution parallel MRI technique. The low resolution multi-coil data are combined into a single image with higher resolution by performing an intra-voxel reconstruction with high spatial resolution coil sensitivity maps.
FOV, where FOV is the field of view). The signal acquired by each coil can be represented as:
where r is the position vector, k = γ 2π R t 0 G τ ð Þdτ is the k-space vector determined by the gradient vector G(t), ρ(r) is the object function, c l (r) is the complex-valued spatially varying coil sensitivity and N c is the number of coils. Considering the acquisition of N k image data points and N s sensitivity points (N s = RN k , where R is the overall sampling reduction factor), a discretized version of Eq. (1) in matrix form is given by:
where F n (n × n) is the spatial discrete Fourier transform (DFT) matrix, s l (N k × 1) is the low resolution image vector for the l-th coil, C l (N s × N s ) is a diagonal matrix containing the l-th coil sensitivity values along the diagonal, and ρ (N s × 1) is the target object function at high spatial resolution. Π(N k × N s ) is the low-pass k-space filter operator, where the element π(i,j) is equal to 1 if the k-space position with index j is sampled and equal to 0 otherwise. The encoding equation for the l-th coil in the image domain can be expressed as:
ΠF Ns represents the low-pass k-space filter in the image domain. The complete encoding equation is obtained by concatenating the individual encoding equations:
where s is the multi-coil image vector at low resolution (N k N c × 1) and E is the encoding matrix (N k N c × N s ). Noise correlation between coils is removed by pre-whitening the image vector and the encoding matrix using the noise covariance matrix estimated from a noise-only acquisition (Pruessmann et al., 2001; Lin et al., 2004) . Pre-whitening is performed by x w = W
where N t is the number of time points and n (N c × 1) is the average over time of n t . The proposed k-space sub-sampling pattern, which reduces the extent of sampled k-space while maintaining the Nyquist sampling distance, allows for acceleration along the readout dimension. Twodimensional acceleration of imaging sequences with two spatial dimensions will therefore be feasible with SURE-SENSE, unlike with standard SENSE where the acceleration is limited to the phaseencoding dimension. Two-dimensional acceleration provides better conditioning of the inverse problem and thus allows for higher acceleration factors than one-dimensional acceleration for the same overall acceleration factor when an array with two-dimensional coil sensitivity encoding is employed (Weiger et al., 2002) .
The inverse of the encoding equation will provide an image reconstructed onto the superresolution grid, where the acquired low resolution data are fitted to delta functions in the high resolution grid using the high resolution coil sensitivities. Direct inversion will result in large noise amplification since the encoding matrix for SURE-SENSE is intrinsically ill-conditioned as compared with standard SENSE due to the lower coil sensitivity variation within the low resolution voxel than across aliased voxels. Tikhonov regularization is employed to control the noise amplification in the reconstruction (g-factor) (Lin et al., 2004 (Lin et al., , 2005 . The least-squares solution using Tikhonov regularization with diagonal weighting can be represented as:
where λ is the regularization parameter. Tikhonov regularization constrains the power of the solution (OρO 2 2 ) thus controlling noise amplification while attenuating solution components with low singular values compared to λ (Hansen, 1998) . The Tikhonov weighting function for the i-th singular value σ i is given byw i = σ 2 i σ 2 i + λ 2 , which presents a smooth roll-off behavior along the singular value spectrum instead of the sharp cut-off imposed by other techniques such as the truncated singular value decomposition (TSVD). The regularization parameter (λ 2 ) was set to the average power of the high resolution reference used for sensitivity calibration to attenuate components with a low squared singular value compared to the average power of the reference. For the SURE-SENSE encoding matrix, low singular values represent high spatial frequency components, and therefore the regularization approach trades off SNR and spatial resolution. The nominal gain in spatial resolution is given by inversion of the encoding matrix without regularization. The effective gain in spatial resolution is dictated by the degree of regularization necessary to achieve an adequate SNR.
SURE-SENSE reconstruction requires the inversion of the complete encoding matrix. 1D-SURE is implemented using a line-by-line matrix inversion approach. 2D-SURE is implemented using a conjugate gradient (CG) solution with pre-conditioning as in the case of nonCartesian SENSE (Pruessmann et al., 2001 ). For SURE-SENSE, density correction and regridding are not performed since the reconstruction lies on a Cartesian grid. Considering the original normal equations from Eq. (6) (E H E + λ 2 I)ρ = E H s, the CG iterations are applied to the following transformed system:
where the elements of the diagonal pre-conditioning matrix P are given by p i;i = P Nc
and b i is the partial result for the i-th iteration. The final result after N i iterations is then given bŷ ρ = Pb N i .
Spatial resolution analysis
The spatial resolution of the reconstruction was analyzed using the full-width at half-maximum (FWHM) of the point spread function (PSF). The effective gain in spatial resolution is defined as K = FWHM-DFT / FWHM-SURE, where FWHM-DFT is the FWHM of the conventional DFT reconstruction of the low resolution data with k-space zero-filling and FWHM-SURE is the FWHM of the SURE-SENSE reconstruction. The nominal gain in spatial resolution is given by K using the FWHM of SURE-SENSE without regularization. The PSF for each spatial position r was obtained by reconstructing the low resolution representation of a single source point located at r. The source point is modeled as a delta function at the corresponding voxel position, which is multiplied by the high resolution coil sensitivities and passed trough the low-pass filter. The PSF is given by the resulting SURE-SENSE reconstruction of the low resolution source point.
Noise amplification analysis
Noise amplification in the inverse reconstruction was assessed using the g-factor formalism (Pruessmann et al., 1999) . For 1D-SURE, the analytical g-factor was computed using the matrix E. For the conjugate gradient reconstruction, the g-factor was computed by reconstructing a time-series of simulated noise-only images (Gaussian distribution, mean: 0, standard deviation: 1) with and without SURE acceleration. The corresponding g-factor is given by the ratio
, where σ SURE (r) and σ FULL (r) are the standard deviations along the time dimension for each of the noise-only reconstructions and R is the overall sampling reduction factor (Eggers et al., 2005) .
Signal to noise ratio (SNR)
Using the property that the SNR in MRI is proportional to the square root of the acquisition time and the voxel volume (Macovski, 1996) ; the SNR of SURE-SENSE reconstruction (SNR SURE ) with respect to the SNR of the low resolution DFT reconstruction (SNR low ) is given by:
where K is the effective spatial resolution gain and g is the noise amplification factor as defined above. Note that the SNR is spatially varying since all the quantities involved are spatially varying. Using the same property, the relationship between SNR SURE and the SNR of the fully-sampled DFT reconstruction (SNR full ) is given by:
Note that if the effective gain in spatial resolution approaches the theoretical limit (K = R), Eq. (9) is similar to the SNR relationship in standard SENSE.
Simulation experiments
One-dimensional simulation Simulation with one spatial dimension was performed assuming an 8-channel planar array with coil sensitivities computed according to the Biot-Savart law. The array was simulated using a field of view of 256 × 256 mm 2 and rectangular coils of size 40 × 256 mm 2 located along the first spatial dimension with a 10% overlap between adjacent coils. The coil sensitivities were computed for a region of interest located at 80 mm from the array using two spatial grids: 64 × 64 and 32 × 32. The central vertical line was used for the one-dimensional simulation. Multi-coil data were generated multiplying an object given by the central vertical line of the Shepp-Logan phantom (Fig. 2) by the simulated coil sensitivities. The central vertical line is represented by column 32 of the 64 × 64 phantom and by column 16 of the 32 × 32 phantom. A superresolution factor of 2 was tested on the simulated low resolution data given by the central k-space region, i.e. discarding the outer k-space values of the full k-space data. For each reconstruction, the corresponding regularization parameter was set to have an average g-factor of 2.5.
Two-dimensional simulation
Simulation with two spatial dimensions were performed using the Biot-Savart model of the 32-element head array coil with soccer-ball geometry (Wiggins et al., 2006) which is used in the in vivo experiments and the Shepp-Logan phantom as object function. Coil sensitivity maps were simulated using a field of view of 220 × 220 mm 2 and an image matrix of 128 × 128. Noise-free multicoil data were generated by multiplying the numerical phantom with the sensitivity maps. Gaussian noise corresponding to SNR = 100 was added to simulate the SNR that might be measured in an fMRI experiment. 2D superresolution factors of 2 × 2 and 4 × 4 were tested on the low resolution data given by the central 64 × 64 and 32 × 32 kspace region of the full k-space data respectively.
In vivo experiments
Human brain data were acquired using a 3 Tesla MR scanner (Tim Trio, Siemens Medical Solutions, Erlangen, Germany) equipped with Sonata gradients (maximum amplitude: 40 mT/m, slew rate: 200 mT/ Fig. 2 . 1D simulation with two-fold superresolution factor for two different target spatial resolutions: (a) 64-point grid and (b) 32-point grid. W is the FOV length (256 mm). Accelerated acquisition was simulated by discarding the outer k-space values of the multi-coil data, resulting in low resolution data with 32 central k-space points for the 64-point grid or 16 central k-space points for the 32-point grid. The simulated object (central line of the Shepp-Logan phantom, left column), DFT reconstruction with zero-filling of the low resolution data (second column from left), SURE-SENSE reconstruction of the same low resolution data with (reg) and without (noreg) regularization (third column from left) and examples of the reconstructed point spread function (PSF, right column) for the different methods are displayed. The regularization parameter was set to achieve a similar average gfactor of 2.5 for both grid sizes. The gain in spatial resolution is more significant at lower target spatial resolution (b). m/ms). A 32-element head array coil with soccer-ball geometry which provides sensitivity encoding along all the spatial dimensions was used for RF reception (Wiggins et al., 2006) , while RF transmission was performed with a quadrature body coil.
Coil sensitivity calibration was performed using unprocessed in vivo sensitivity references (Sodickson and McKenzie, 2001) . In this approach, multi-coil reference images are employed directly as coil sensitivities to solve the inverse problem, followed by post multiplication by the sum-of-squares combination of the reference images to remove additional magnetization density information introduced by the use of the unprocessed reference images. In other words, the image reconstructed by the inversion of an encoding matrix constructed from raw coil reference data is the pixelwise quotient of the true image and the reference combination; therefore the true image can be recovered by post-multiplying the result by the reference combination. This approach is preferred, since the spatial smoothing inherent in explicit coil sensitivity estimation methods such as polynomial fitting (Pruessmann et al., 1999) may limit the performance of SURE-SENSE.
Functional MRI
A visual stimulation experiment with 8 blocks of 16 s of visual fixation and 16 s of flashing checkerboard was performed. Single slice data were acquired using an interleaved echo-planar imaging (EPI) sequence (repetition time (TR): 4 s, echo time (TE): 30 ms, spatial matrix: 256 × 256, field of view (FOV): 220 × 220 mm 2 , slice thickness:
3.4 mm, 64 scan repetitions). The high resolution reference was obtained from the first scan using the full k-space matrix and SURE-SENSE reconstruction was applied to the following down-sampled scan repetitions. The down-sampled data are given by the central 32 × 32 k-space data discarding the outer k-space data. In order to have a target spatial resolution with sufficient intra-voxel coil sensitivity variation, SURE-SENSE reconstruction was performed using the 32 × 32 central k-space matrix with a 64 × 64 target kspace matrix, which represents a two-dimensional sampling reduction factor of R = 2 × 2. A 64 × 64 k-space matrix is usually employed in fMRI with high temporal resolution (Lin et al., 2006) . For comparison, the original fully-sampled 64 × 64 data and the down-sampled 32 × 32 data were conventionally reconstructed by applying a discrete Fourier transform (DFT) to each channel and the composite image was computed using a sensitivity-weighted combination. Additionally, a standard SENSE reconstruction was applied to a regularly undersampled data set with reduction factor of R = 4 × 1, i.e. the fullysampled 64 × 64 k-space data matrix was decimated by keeping the first row of every consecutive four rows. Note that standard SENSE does not allow for acceleration of the readout dimension therefore a higher one-dimensional acceleration was used to match the SURE-SENSE acceleration. Correlation and region of interest (ROI) analyses were performed using the TurboFire software package (Posse et al., 2001 ) with a correlation coefficient threshold of 0.6, i.e. both positive correlation values above 0.6 and negative correlation values below −0.6 were included in the activation map. The reference vector defined by the stimulation paradigm was convolved with the canonical hemodynamic response function defined in SPM99 (Friston et al., 1995) . Motion correction and spatial filters were not employed. Average SNR was computed as the ratio of the mean value and standard deviation of the reconstructed time-series data along the temporal dimension.
Spectroscopic imaging
Human brain MRSI data with two spatial dimensions were acquired with Proton Echo Planar Spectroscopic Imaging (PEPSI) (Posse et al., 1995) in axial orientation using a 64 × 64 × 512 spatialspectral matrix (x,y,v) where x and y are the spatial dimensions and v is the spectral dimension. The FOV was 256 × 256 mm 2 and the slice thickness was 20 mm resulting in a nominal voxel size of 320 mm 3 (in-plane nominal pixel size was 4 × 4 mm 2 ). Data were filtered in k-space using a Hamming window which increased the voxel size to 820 mm 3 (in-plane effective pixel size was 6.4 × 6.4 mm 2 ). The spectral width was set to 1087 Hz. The 2D-PEPSI sequence consisted of water-suppression (WS), outer-volumesuppression (OVS), spin-echo RF excitation, phase-encoding for y and the echo-planar readout module for simultaneous encoding of x and t. Data acquisition included water-suppressed (WS) and nonwater-suppressed (NWS) scans. The NWS scan was performed without the WS and OVS modules and it is used for spectral phase correction, eddy current correction and absolute metabolite concentration. The high resolution NWS and WS PEPSI data sets were acquired in 2 min each using single signal average, TR = 2 s and TE = 15 ms. Data were collected with 2-fold oversampling for each readout gradient separately to improve regridding performance and using a ramp sampling delay of 8 μs to limit chemical shift artifacts. Regridding was applied to correct for ramp sampling distortion of the k x -t trajectory. Spectral water images from the high resolution NWS data were employed for coil sensitivity calibration as described before in our SENSE-PEPSI implementations ). SURE-SENSE was applied to the central 32 × 32 k-space matrix using the 64 × 64 coil sensitivities, which represents a twodimensional sampling reduction factor of R = 2 × 2. Water images were obtained by spectral integration of the reconstructed NWS data. Lipid images were computed by spectral integration of the reconstructed WS data from 0 to 2.0 ppm. Metabolite images were obtained by spectral fitting using LCModel (Provencher, 1993) with analytically modeled basis sets. Spectral fitting errors in LCModel were computed using the Cramer-Rao Lower Bound (CRLB, the lowest bound of the standard deviation of the estimated metabolite concentration expressed as percentage of this concentration), which when multiplied by 2.0 represent 95% confidence intervals of the estimated concentration values. A threshold of 30% was imposed on the CRLB to accept voxels in the metabolite concentration maps. Average SNR in the WS data was computed using the SNR value from LCModel which is given by the ratio of the maximum in the spectrum-minus-baseline over the analysis window to twice the standard deviation of the residuals. Error maps were computed as the difference with respect to the concentration map from the fullysampled DFT reconstruction.
Results
One-dimensional simulation SURE-SENSE reconstruction increased significantly the spatial resolution of conventional Fourier reconstruction of the low resolution data (Fig. 2) . The increase in spatial resolution is more significant at lower target spatial resolution (b) than at higher target spatial resolution (a) as depicted by the PSF reconstruction due to the higher intra-voxel variation of the coil sensitivity maps. The nominal mean gain in spatial resolution given by the SURE-SENSE reconstruction without regularization was 1.89 for 64-point target resolution (a) and 1.98 for 32-point target resolution (b). For both cases, the noise-free SURE-SENSE reconstruction is similar to the full DFT reconstruction. However, the noise amplification in the reconstruction (g-factor) presented high mean values of 1.2 × 10 4 and 5.2 × 10 2 respectively. Using a regularization parameter adjusted to have a mean g-factor of 2.5 for both cases, the mean gain in spatial resolution was reduced to 1.64 and 1.88 respectively. Note that the effective gain is closer to the nominal gain for the smaller 32-point target (b). Constraining the target spatial resolution, which is equivalent to having a smaller extrapolation region in k-space provides a better conditioning of the inverse problem which decreases the SNR penalty, and thus the effective superresolution gain converges to the nominal gain.
Two-dimensional simulation
The noise-free SURE-SENSE reconstruction with R = 2 × 2 was similar to the target object presenting an effective gain close to the theoretical 2 × 2 increase in spatial resolution (Fig. 3a) . Two-dimensional acceleration presents lower and more uniform noise amplification than using a high one-dimensional acceleration (Weiger et al., 2002) . For R = 4 × 4, the noise-free SURE-SENSE reconstruction is less similar to the target object presenting slight blurring at the center of the image and residual Gibbs ringing due to the more stringent requirements on the intra-voxel coil sensitivity variations to allow for 16-fold increase in spatial resolution. Nevertheless, the SURE-SENSE reconstruction presents a significant increase in spatial resolution when comparing to the DFT-ZF reconstruction. However, this ideal increase in spatial resolution imposed an SNR penalty as it is shown in the SURE-SENSE reconstruction without regularization in the case of noisy data. SURE-SENSE with Tikhonov regularization controlled the noise amplification in the inverse reconstruction at the expense of reducing the gain in spatial resolution. Note that the SNR penalty is higher for R = 4 × 4 as expected from the larger k-space extrapolation region to recover the full k-space data. Even though the target spatial resolution was not feasible due to the SNR penalty, SURE-SENSE reconstruction with regularization presented a significant gain in spatial resolution and reduction of Gibbs ringing when compared to the conventional DFT with zero-filling reconstruction of the low resolution data.
Functional MRI
SURE-SENSE reconstruction of the low spatial resolution timeseries fMRI data yielded a significant increase in spatial resolution when compared to the DFT reconstruction with zero-filling (Fig. 4) . The gain in spatial resolution is spatially varying, with higher values at positions where the coil sensitivity variation is stronger, e.g. in the periphery of the brain for the soccer-ball array coil. The average gain in spatial resolution was a factor of 2.51 with a maximum value of 3.87 (very close to the theoretical gain of 4) in peripheral regions and a minimum value of 1.55 in central regions where the coil sensitivities are broad and overlapped. This behavior can be explained considering that the regularization approach is broadening the PSF at positions with high nominal g-factor in order to obtain an adequate SNR. The resulting g-factor map after regularization presented a homogeneous Fig. 3 . Shepp-Logan phantom simulation for superresolution factors of (a) 2 × 2 and (b) 4 × 4 with target image matrix of 128 × 128 using a Biot-Savart model of the 32-channel soccer-ball array. Left: noise-free reconstruction using DFT with zero-filling (DFT-ZF) and SURE-SENSE without regularization. Right: noisy reconstruction (baseline SNR = 100) using SURE-SENSE with (reg) and without (noreg) regularization. The noisy DFT-ZF reconstruction (not shown) is similar to the noise-free DFT-ZF in terms of spatial resolution. distribution with a mean value of 1.54 ± 0.44. Note that without regularization the g-factor map will look inhomogeneous with high values at regions with less intra-voxel coil sensitivity variation, e.g. central region for the soccer-ball array. The average SNR computed from the reconstructed time-series data was 14.4 for the fullysampled DFT reconstruction, 23.9 for the zero-filled DFT reconstruction and 8.6 for SURE-SENSE. The average SNR for SURE-SENSE is higher than the value predicted by Eq. (8) (6.2), and by Eq. (9) (7.5), which is in part due to the relatively small number of temporal points used to estimate the SNR (64) and the effect of the shape of the PSF which is not completely taken into account since the factor K in Eq. (8) and Eq. (9) is just a FWHM ratio. Nevertheless, they are approximately in the range predicted by Eq. (8) and Eq. (9).
Standard SENSE reconstruction of data regularly undersampled by a factor of R = 4 × 1 to match the SURE-SENSE reduction factor resulted in residual aliasing artifacts and localized noise enhancement whereas the spatial resolution was homogeneous and similar to the fully-sampled DFT reconstruction (Fig. 4a) . Note that standard SENSE only removes the aliasing at the center of the voxel and residual aliasing artifacts due to intra-voxel coil sensitivity variations are present in the reconstructed image (Zhao et al., 2005) .
The Tikhonov regularization along with pre-conditioning presented a fast and stable reconstruction for SURE-SENSE using the conjugate gradient algorithm with 12 iterations. Note that without the Tikhonov term the g-factor continuously increases with the number of iterations and the stopping point should be selected before convergence to maintain adequate SNR. The total reconstruction time was approximately 2 min (2 s per temporal repetition) using Matlab (The MathWorks, Natick, MA) on a 64-bit quad core workstation.
Visual activation maps obtained from the time-series data reconstructed with SURE-SENSE displayed a spatial pattern closer to the maps from the fully-sampled data when comparing to the zerofilled DFT reconstruction (Fig. 5a) . The activation pattern with zerofilled DFT reconstruction is smooth due to partial volume effects and areas with small signal decrease (blue) become visible due to increased SNR in the low spatial resolution data. The activation pattern of SURE-SENSE is spatially more localized than in the zerofilled DFT reconstruction as expected from the increase in spatial resolution and the areas with negative signal changes are less visible due to increased noise level, similar to the high resolution data. SURE-SENSE presented an activation map with spatially varying spatial resolution following the pattern given by the K-map (Fig. 4b) . Fig. 5b shows the activation maps for conventional DFT with zero-filling reconstruction of k-space data acquired with different spatial resolutions. The activation map for SURE-SENSE is very close to the DFT-64 × 64 (full k-space data) at the edges of the brain where the pattern is very discrete. As we move towards the center, the SURE-SENSE map falls in between the DFT-40 × 40 and DFT-48 × 48 which is consistent with the 2.5-fold increase in spatial resolution predicted by the K-map for that region. The activation map of standard SENSE reconstruction also suffered from some blurring and additionally presented smaller spatial extent of activation than the DFT-64 × 64 reconstruction (Fig. 5a) due to increased noise level. This decrease in spatial extent of activation is also more localized at the upper right part of the activation region, which is due in part to the residual aliasing in that region.
Spectroscopic imaging
SURE-SENSE reconstruction reduced the strong effect of k-space truncation in the low spatial resolution PEPSI data set, resulting in metabolite maps with improved spatial resolution and spectra with reduced lipid contamination as compared to the DFT with zero-filling reconstruction. The spatial resolution gain and g-factor maps displayed a similar pattern as in the fMRI experiment, since the same coil array, acceleration factor and image matrix were employed. The average gain in spatial resolution was 2.37 with a maximum value of 3.72 in peripheral regions and a minimum value of 1.48 in central regions. The average g-factor was 1.49 ± 0.36. The average SNR of the WS reconstructed data was 11.4 for the fully-sampled DFT reconstruction, 19.8 for the zero-filled DFT reconstruction and 7.9 for SURE-SENSE. These values are approximately in the range predicted by Eq. (8) (5.7) and Eq. (9) (6.5). (a) Activation maps for fully-sampled data using DFT reconstruction (DFT-FULL), for low spatial resolution data (R = 2 × 2) using DFT with zero-filling (DFT-ZF) and SURE-SENSE reconstruction and for regularly undersampled data (R = 4 × 1) using standard SENSE reconstruction. The color bar indicates the correlation coefficient. The second row shows a zoomed region in visual cortex that is demarcated by the yellow box in the first row. (b) Activation maps in the visual cortex region for different matrix sizes using conventional DFT reconstruction. The SURE-SENSE activation pattern at the periphery of occipital cortex close to the sagital sinus resembles that of the DFT-FULL map (64 × 64 matrix) whereas more medial parts of the SURE-SENSE activation pattern fall in between those in the DFT-40 × 40 and the DFT-48 × 48 reconstruction, as expected.
The maps of NAA and creatine for SURE-SENSE were similar to ones from the DFT reconstruction of the full k-space data. Average error with respect to map derived from the full k-space data were 8.9% for NAA and 8.2% for creatine (Fig. 6) . The average errors of the corresponding zero-filled DFT reconstruction NAA and creatine maps were 24.1% and 22.9%. Table 1 shows the average absolute concentration and Cramer-Rao lower bound (CRLB) values from LCModel fitting. The accuracy of spectral quantification as indicated by the CRLB decreased for SURE-SENSE as compared to the fully-sampled DFT reconstruction due to the lower SNR and the presence of residual lipid contamination. However, the strong lipid contamination in the zerofilled DFT reconstruction was highly reduced by SURE-SENSE (Fig. 7) resulting in CRLB values decreased by a factor of 1.46 for NAA and 1.38 for creatine on average.
The total reconstruction time was approximately 34 min (2 s per spectral point of the positive and negative echo data respectively) using Matlab (The MathWorks, Natick, MA) on a 64-bit quad core workstation.
Discussion
The idea of superresolution parallel imaging represents a transition from standard parallel imaging techniques such as SENSE (Pruessmann et al., 1999) and GRAPPA (Griswold et al., 2002) , which employ k-space undersampling, to techniques with minimal gradient encoding such as inverse MRI (Lin et al., 2006) which are based on the acquisition of a single k-space point at the center. Acquiring a central k-space region instead of a single point reduces the severe ill-conditioning of the encoding equation in the inverse MRI method and reconstruction with higher spatial resolution is feasible with SURE-SENSE at the expense of decreasing the high acceleration factor. On the other hand, while relatively stronger intra-voxel coil sensitivity variation leads to residual aliasing artifacts in standard parallel imaging, it improves the performance of SURE-SENSE. Moreover, the reconstruction error for Fig. 6 . Water and lipids images using spectral integration, and NAA and creatine concentration maps using spectral LCModel fitting for fully-sampled data (64 × 64 matrix) using DFT reconstruction (DFT-FULL) and for low spatial resolution data (32 × 32 matrix, R = 2 × 2) using DFT with zero-filling (DFT-ZF) and SURE-SENSE. Acquisition parameters for the fully- standard SENSE reconstruction is distributed over the entire object while for SURE-SENSE reconstruction errors are limited to the extent of the low resolution voxel. This reflects the difference in k-space sampling: localized k-space errors in standard SENSE lead to distributed artifacts in the image space, whereas errors in reconstructing extrapolated k-space in SURE-SENSE lead to localized errors in the image space. Application of SURE-SENSE to spectroscopic imaging is therefore particularly advantageous since one of the major challenges of standard SENSE is the unfolding of positions which include lipid resonances from peripheral regions. Imaging cortical regions with SURE-SENSE is also advantageous due to the increased intra-voxel coil sensitivity variation for positions close to the coil elements. SURE-SENSE presents a different reconstruction paradigm when compared to the minimum-norm SENSE method (Sanchez-Gonzalez et al., 2006) , even though both methods employ high resolution coil sensitivity maps. SURE-SENSE and minimum-norm SENSE are both implementations of strong SENSE (Pruessmann et al., 1999) and the equivalent voxel shape fitting formalism (Sodickson and McKenzie, 2001 ) using different target voxel shapes. For SURE-SENSE the target voxel shape is given by delta functions in the high resolution grid whereas for minimum-norm SENSE the target voxel shape is given by delta functions in the low resolution grid. The minimum-norm SENSE method aims to reconstruct a sharp PSF (at the intra-voxel level) but without increasing the underlying image spatial resolution, i.e. one reconstructed voxel is created for each original low resolution voxel. In SURE-SENSE, the goal is to reconstruct multiple voxels for each original low resolution voxel.
The maximum superresolution factor for SURE-SENSE depends on a number of factors, including the spatial nonuniformity of the coil sensitivity patterns and efficiency of regularization in the reconstruction process. SURE-SENSE is most suitable for reconstruction of intrinsic low spatial resolution MRI modalities where the acquisition of a reference image with high spatial resolution does not impose a time penalty, e.g. functional MRI and spectroscopic imaging. The spatial resolution in SURE-SENSE is spatially varying as is the case for inverse MRI. Regions with broad and overlapping coil sensitivity distributions are reconstructed with lower spatial resolution in order to maintain an adequate SNR. In practice, for interpretation of SURE-SENSE functional images, the K-map may be used to judge how much confidence to place in the focality of activation in any particular region. The proposed method is expected to be able to reconstruct images with a spatial resolution up to 3 × 3 × 3 mm 3 and with 4-to 6-fold two-dimensional superresolution factors using an array coil similar to the 32-channel soccer-ball array. This target resolution is appropriate for functional MRI with high temporal resolution which is usually performed with spatial resolution of about 3 mm (Lin et al., 2006 . For example, using a FOV around 200 × 200 mm 2 and coil sensitivities acquired with a 64 × 64 matrix, it should be feasible to perform SURE-SENSE reconstruction using the 28 × 28 or 32 × 32 acquisition matrix. Higher superresolution acceleration factors should be feasible for lower target resolution, e.g. 11 × 11 raw data matrix to achieve a 32 × 32 target matrix (R = 3 × 3) or 4 × 4 raw data matrix to achieve a 16 × 16 target matrix (R = 4 × 4). We expect that the performance of SURE-SENSE reconstruction for human brain imaging will improve with the number of receiver coils using array geometries similar to the soccer-ball geometry of the 32-element array used in this work. Moreover, implementation at high magnetic field strength (7 T) will provide stronger spatial modulation of the coil sensitivity maps (Ohliger et al., 2003 , Wiesinger et al., 2004 . We are in the process of implementing the technique using a 96-channel array at 3 T (Wiggins et al., 2007) and a 32-channel array at 7 T with a 128 × 128 target image matrix. SURE-SENSE is a parallel imaging technique that can be applied across a wide range of pulse sequence types like standard parallel imaging techniques. The principal advantage of SURE-SENSE in traditional applications such as functional MRI and MR spectroscopic imaging is not to get very high spatial resolution per se, but rather to accelerate the acquisition of an image with a target resolution that presents intra-voxel coil sensitivity variation. SURE-SENSE allows for acceleration of the readout dimension in echo-planar trajectories and therefore the overall SURE acceleration can be divided along the two spatial dimensions with the advantage of having lower and more uniform noise amplification than is possible with a high onedimensional acceleration (Weiger et al., 2002) . Readout acceleration in SURE-SENSE would require more extensive ramp sampling which only introduces a small SNR loss (Otazo et al., 2006) and the only extra step required is the regridding of the non-equidistant data in k-space to a Cartesian grid which does not introduce any significant extra blurring, in particular for SURE-SENSE acquisition that is performed at low spatial resolution. SURE-SENSE would be applicable to spiral trajectories as well reducing the extent of the spiral in k-space, thereby reducing gradient slew rate constraints and possible gradient induced peripheral nerve stimulation. An alternative way to accelerate the readout dimension is to increase the gradient strength/bandwidth and pay a well-defined square root of bandwidth price in SNR as opposed to pay only slightly smaller price with SURE-SENSE that results in spatially-varying spatial resolution. However, readout gradients are already operating at the limits imposed by physiological and technical constraints and further increases in gradient strength/ bandwidth might not be feasible. Moreover, the capability of accelerating the readout dimension in echo-planar trajectories can be used to increase the spectral bandwidth in PEPSI, especially at high magnetic strength where the gradient performance is currently limited. In general, SURE-SENSE acceleration will reduce the sensitivity to motion and it is particularly interesting for faster 3D encoding where the available SNR is higher. Moreover, the high temporal resolution provided for fMRI can be used to correlate between hemodynamic onset timing and neuronal events (recorded by MEG or EEG).
High resolution coil sensitivity calibration is required for optimal performance of the SURE technique. The conventional way to estimate coil sensitivity maps for SENSE using spatial smoothing may limit the performance of the method. The "in vivo" sensitivity calibration method employed in this work allows for the use of coil sensitivity information with full spatial resolution. In future work we will explore k-space superresolution reconstruction with autocalibration, such as in the GRAPPA method (Griswold et al., 2002) , which would represent an alternative to SENSE based reconstruction that includes all the high resolution information available from the coil sensitivity profiles.
The current implementation of SURE-SENSE with two-dimensional acceleration is performed using an iterative conjugate gradient algorithm, which might not be optimal in terms of reconstruction time, but which represents a practical solution to the computationally intensive inverse problem. Faster reconstruction can be accomplished using direct inversion methods similar to the non-iterative approach for non-Cartesian parallel MRI as described in Ying et al. (2005) . Experiments that consist of series of images such as fMRI and MRSI represent the real bottleneck in reconstruction time, since several SURE-SENSE reconstructions need to be performed sequentially. Parallel computing can be used to substantially reduce the total reconstruction time since each individual reconstruction is parallelizable.
In conclusion, SURE-SENSE represents a novel alternative to standard SENSE particularly for accelerating imaging applications which use intrinsically low spatial resolution and echo-planar trajectories. Future work will characterize the optimal operation regimes of the method with respect to target spatial resolution, array geometry and number of receiver elements, and will explore implementation at 7 T to improve the tradeoff between spatial and temporal resolution.
